We propose a model to study economic convergence in the tradition of neoclassical growth theory. We employ a novel stochastic set-up of the Solow (1956) model with shocks to both capital and labor. Our novel approach identifies the speed of convergence directly from estimating the parameters which determine equilibrium dynamics. The inference on the structural parameters is done using a maximum-likelihood approach. We estimate our model using growth and population data for China's provinces from 1980 to 2009. We report heterogeneity in the speed of convergence both across provinces and time. The Eastern provinces show a higher tendency of convergence, while there is no evidence of convergence for the Central and Western provinces. We find empirical evidence that the speed of convergence decreases over time for most provinces.
Introduction
An important issue in economic growth is whether poor regions grow faster than richer ones and eventually will catch up. Literature has devoted enormous enthusiasm in exploring this question in the 1990's and generally finds evidence of economic convergence in the world (e.g., Mankiw, Romer, and Weil, 1992; Barro and Sala-i-Martin, 1992) , United States (e.g., Barro and Sala-i-Martin, 1992) , and Japan and European nations (e.g., Sala-i-Martin, 1996a,b) .
Despite the effort, the economic growth in the new century seems to provide dubious evidence to confirm economic convergence. For example, the lagged behind Sub-Sahara Africa does neither show predicted rapid economic growth nor a high potential to catch up with the rich nations in the short run. However, while the new economies (e.g., China, India, Brazil) are emerging and catching up, only a few provinces seem to be the driving forces. In this paper we study convergence within China based on a novel stochastic Solow set-up.
Traditionally, standard tests of convergence are derived from a deterministic Solow model which involves investigating the relation between the growth rate and initial income level (see, e.g., Mankiw, Romer, and Weil, 1992; Barro and Sala-i-Martin, 1992) . A negative relation between the two variables implies (absolute) economic convergence. The Solow model implies conditional convergence, which means that the growth rate is larger for countries with lower initial income level conditional on the structural characteristics. Cross-section and panel data regression approaches have been applied to explore the relation (see, e.g., Mankiw, Romer, and Weil, 1992; Barro and Sala-i-Martin, 1992; Islam, 1995) . More recent literature shows that taking the stochastic feature of the Solow model into consideration the convergence estimates from these traditional cross-section or panel data regressions are biased (see, e.g., Lee, Pesaran, and Smith, 1997, 1998; Hauk and Wacziarg, 2009 ).
1
We propose a model to study economic convergence in the tradition of neoclassical growth theory. In our stochastic set-up of the Solow (1956 ) model, we include shocks to capital and labor, and obtain equilibrium dynamics for output and population growth. We first derive a testable implication from our stochastic set-up following the traditional approach by assuming that the economy is close to its (stochastic) steady state. We then relax this assumption and fully explore the dynamic structure and obtain the speed of conditional convergence directly from the equilibrium dynamics.
From a modeling perspective we contribute to recent advances in the literature on using a continuous-time formulation to estimate the structural parameters in dynamic equilibrium models (see, e.g., Posch, 2009; Christensen, Posch, and van der Wel, 2011) . Our approach builds on the seminal papers in the economic growth and convergence literature in continuous time (Merton, 1975; Mankiw, Romer, and Weil, 1992; Barro and Sala-i-Martin, 1992) . In contrast to the traditional literature on convergence, however, we emphasize the stochastic nature of these models. This has three main advantages for our purpose. First, it enables us to conduct a structural estimation approach. Despite the rich nature of our models, we show that inference on the structural parameters of the model can be done using a maximum-likelihood approach. Second, the estimation results for the parameter measuring (conditional) convergence based on the deterministic model are likely to be upward-biased.
In fact, in case of deterministic growth rates the convergence measure in our stochastic model collapses into the well-known deterministic measure. Third, we do not need to assume that the economy is close to its steady state in order to study local equilibrium dynamics, which clearly reflects a conceptional problem when analyzing the economy's transition. Our measure of the speed of convergence is specific for each economy and varies over time.
China is particularly important for the study of economic convergence. With its rapidly rising economy, it contributed to the majority of poverty reduction in the world in the past 30 years. However, its economic growth is also characterized by a high inequality between the coastal and inland areas and between urban and rural areas. Whether all regions in China will eventually converge to the same steady state and at which rate the convergence will happen is not only essential for economic growth in China, but also for the world given China's growing importance in the world economy. The traditional approaches for testing absolute and conditional convergence within deterministic neoclassical growth model have been applied to pre-reform and post-reform Chinese provincial data (e.g., Chen and Fleisher, 1996; Raiser, 1998; Weeks and Yao, 2003) . These studies find convergence in the pre-reform period and mixed evidence for the post-reform period (from 1978 to the early 1990's). From theoretical and methodological aspects, we contribute to these studies by exploring the convergence in China in the framework of a stochastic Solow growth model, and allow for estimating province specific steady states and convergence rates. From an empirical aspect, China was still at the beginning of its economic growth in the early 1990's and the provinces were probably still far away from their steady states. Our approach allows us to study the equilibrium dynamics for this transitional period, in particular, when the speed of convergence is expected to be substantially higher than its value around the steady state. In this paper we use data for China's provinces from 1978 to 2009, a period which captures the rise of the Chinese economy and also provides a clearer picture on convergence (divergence) of its regional economies.
Our empirical results report heterogeneity in the speed of convergence both across provinces and time. We estimate our model using cross-section data, as in Mankiw, Romer, and Weil (1992) , and Barro and Sala-i-Martin (1992) , panel data, as in Islam (1995) and Lee, Pesaran, and Smith (1997) , and by exploiting the full dynamic structure of our stochastic Solow model. The cross-section and panel approaches provide mixed results. The crosssection set-up indicates significant absolute convergence in China, but the panel estimate is far lower. A salient feature of a disaggregation to the results to three regions in China is heterogeneity in convergence across the provinces in China, though the cross-section and panel approaches differ on which regions actually converge. With our novel approach to estimate the full dynamic structure of the stochastic Solow model we can examine these findings in more detail. Our approach provides an idiosyncratic and time-varying speed of convergence, while benefiting from the available data. The results exploiting the dynamic structure indicate significant convergence for all provinces and confirm the heterogeneity in convergence across provinces, and in addition highlight in line with theory that the speed of convergence decreases over time for most provinces.
The remainder of the paper is organized as follows. In Section 2 we detail our stochastic Solow model, and derive the convergence measures implied by the model. Section 3 introduces and discusses our data set for Chinese provinces, provides summary statistics, and reports the results using the traditional approaches. In Section 4 we discuss our convergence estimates for China using our new model. Section 5 concludes.
The stochastic Solow model
In this section we discuss our set-up to examine convergence. We first discuss in Section 2.1 the basic set-up, which is a stochastic Solow model closely following Merton (1975) . Then, in Section 2.2, we derive empirically testable implications of the model.
The basic set-up
Consider a set of provinces, i = 1, 2, ..., N , with each T annual observations, t = 1, 2, ..., T. We assume that time is continuous. Output in each province and date, Y it , is produced according to the technology
where K it is the physical capital stock, L it is labor employed. Accounting for technological progress poses no conceptional difficulties but introduces an inherently latent variable to the problem formulation. Assuming that observed variables are in efficiency units, it would only increases the parameter space without adding too many insights. Our baseline model thus abstracts from technological progress. Capital accumulation follows
in which I it = s i Y it where δ denotes the mean and σ the volatility of the of the instantaneous stochastic depreciation rate, driven by a standard Brownian motion Z it .
2 Economically, we assume that physical depreciation of the capital stock is stochastic where σ i governs the dispersion around a rate of δ percent (annual) depreciation. This assumption makes the capital stock and thus capital returns risky (cf. Merton, 1975) .
We have some freedom to specify the labor dynamics. Assume that labor obeys
Similar to the shocks to capital depreciation, the rate of population growth is stochastic, driven by a standard Brownian motion B it (and thus for simplicity independent from Z it ).
Deriving empirically testable implications
To answer our research questions on convergence of Chinese provinces, this section derives empirically testable implications to test the data for the convergence patterns. We provide two approaches: one based on the traditional approaches which were discussed in the Introduction, and one fully exploiting the dynamic structure of the model.
Using the traditional approach
An important measure is the speed of the transitional dynamics. Our approach to measure convergence closely follows Barro and Sala-i-Martin (1992) . It is well known that the model implies conditional convergence, which means that convergence tends to be more rapid the lower the initial level of output in efficiency units conditional on structural characteristics. In contrast to the previous analysis, however, below we fully specify the stochastic nature of the model and show how it feeds into the measure of convergence. Defining the capital stock in efficiency units,
in which we used
2 Since Z t is a standard Brownian motion,
We define the speed of convergence such that it measures by how much the growth rate declines as the effective capital stock increases in a proportional sense, i.e.,
As shown in the Appendix A, the speed of convergence for the growth rate of output per capita is the same as for capital in efficiency units. Hence, the speed of convergence in (4) is
Obviously, the speed of convergence is not constant but declines monotonically as the capital stock increases towards its steady-state value. Around the stochastic steady state where dk it = 0 we typically observe that s i k
Hence, in the absence of shocks in the neighborhood of the stochastic steady-state value the speed of convergence equals
Note that setting η i = 0, our measure of convergence (more precisely β−convergence) at the steady-state collapses to the traditional measure used in Mankiw, Romer, and Weil (1992) . Typically, the literature is considering a log-linear approximation of the deterministic version of (4) around the deterministic steady state. Keeping the stochastic nature of the problem at hand but log-linearizing (4) around the stochastic steady state (14), gives
It follows from Itô's formula that
Alternatively, we could define the speed of convergence as (cf. Posch and Waelde, 2011) ,
Hence, the speed of convergence in (4)
it . In the absence of shocks and around the stochastic steady state it takes the valueβ * i = (1 − α)(δ + n i − η 2 i ). It measures the absolute decrease in the capital stock for an infinitesimal increase in the effective capital stock. Since it is not a monotonically decreasing function, we use β in (5). Both measures converge the the same value at the steady state.
where we may use the definitions β *
Using Itô's formula, we obtain
It follows that the solution to this SDE is
After substituting k * i and β * i into the equation, we have
Comparing our result to the existing deterministic approaches gives two main insights. First, we have a complete specification of the implied error structure in a cross-sectional regression framework. Second, the parameter specifying the variance of the labor dynamics enters the convergence measure, i.e., the lower the variability of the growth rate of labor in province i, the more rapid is the speed of convergence in that province. 4 Estimation results for the convergence parameter based on the deterministic model are likely to be upward-biased.
Fully exploiting the dynamic structure
The traditional approach uses an approximation where provinces are assumed to be close to their steady-state values, which may or may not be a good approximation. This section fully exploits the dynamic structure of the model in order to estimate the structural parameters of the model, which finally can be used to provide answers to the convergence question. In this case, no log-linear approximation around the steady state is necessary.
It is well known that during the transition to the steady state value, the convergence rate β it exceeds β * i as long as k it < k * i but tends to revert back to β * i . Thus, by making use of the dynamic structure of the model we may gain further insights into the model implications for convergence. Previous papers use panel data and the investment to output ratio together with a regression-based approach to capture these effects (e.g., Islam, 1995) . Our approach builds on that approach and exploits the stochastic properties of the Solow growth model together with its moment conditions. Using Itô's formula, the stochastic differential for output Y it reads
or equivalently,
Similarly, the growth rate of labor employed from (3) follows
Equations (10) and (11) form the basis for our estimation. Our novel approach uses the structure for the estimation of the structural parameters. From the structural parameters we make inferences on β-convergence. The speed of convergence implied by the model is given in equation (6). This speed of convergence varies over time and differs across province, due to the variation of the stock of capital over time and across province and the variation of the saving rate per province. In addition, the speed of convergence near the stochastic steady state for each province can be obtained from (7).
Data and traditional approaches
In this section we describe the data we use and provide summary statistics. In addition, we show evidence of convergence in China using the traditional measures.
Province-level data for China
The data we use are the provincial level data from China Statistical Year Book 1978 Book -2009 published by the National Bureau of Statistics of China (NBS).
5 The year books provides basic information on population, labor market, investment, agriculture, industry, service business, public finance, education, culture and education. In this paper, we use the GDP and population data to calculate GDP per capita which we use as the index of economic growth. We approximate saving using investment in fixed assets and, for the traditional regressions, human capital level by the ratio between the number of students enrolled in high schools and the total population. We focus on the 1980-2009 data due to the noise in the population data at the end of the 1970's.
[insert Table 1] In Table 1 we list the means and growth rate of real GDP per capita and population. We can see that China's population increases around 1% per year and the GDP per capita increases at an amazing rate of 9% in the past 30 years. There is evidence of geographic imbalance in China's economic growth in Table 1 . The fastest growing provinces (with the growth rate bigger than 10%) are all in the coastal region except Inner Mongolia. Regional inequality is obvious from the mean GDP per capita. The average GDP per capita in the richest (city) province Shanghai is 13,888 yuan (in 1990 prices), almost ten times that of the poorest province Guizhou in Western China. However, there is some evidence of absolute economic convergence. Even though some of the coastal provinces show very high growth rates (e.g., Jiangsu, Zhejiang, Fujian, Guangdong), some traditionally developed regions such as Beijing, Tianjin and Shanghai grow on average slower than the country average and some of the Western provinces such as Sichuan, Yunnan and Ningxia. To examine dispersion of convergence across China, in some of our results we consider regions within China consisting of a subset of all provinces. Specifically, we split the provinces in China in three groups: East, Central, and West. Moreover, we consider a subgroup of the Eastern provinces that excluding the North-Eastern provinces. The last column of Table 1 lists the group each of the considered province falls under.
[insert Figure 1] We plot the province level data in Figure 1 . For expositional purposes we show the average per region over time. We find an upward trend of GDP per capita (Panel A). We do see a few jumps in the plots. For all provinces GDP per capita decreased during 1989, which was mostly due to the large level of inflation in that year (real GDP generally increased that year). For population data (Panel B), the jumps always happen in the census years in which the NBS use the census information to correct for the population data, which are obtained in Chinese agriculture, Jin, Qian, and Weingast (2005) investigate provincial government's fiscal incentives and market development, and Fleisher, Li, and Zhao (2010) study growth patterns in China.
by a 1% population sample survey in non-census years. Also the jumps happen in cities such as Beijing and Shanghai, where there is high mobility of population and the estimate of total population is often with bigger standard error compared to other provinces. For the GDP per capita data there are jumps for a few provinces in 2001. We analyze the raw data, but we performed robustness analyses and verified our results do not depend on these jumps qualitatively.
6 . Finally, in Panel C we show the real investment data (top plot). We use this data to construct our capital measure, 7 which we plot in the middle part. Of relevance for our estimation is the ratio of investment to capital (bottom plot), which varies between 0.1 and 0.3.
Traditional approaches to measure convergence
A few concepts of economic convergence have emerged in the literature, as was pointed out in the Introduction. The first pair is absolute and conditional convergence. Absolute, or unconditional, convergence means that all economies are converging to the same steady state. Since the poor economies are further away from the steady state, absolute convergence also implies that poor economies grow faster. Conditional convergence means that economies approach different steady states determined by different structural characteristics, which are hence conditioned on, and the growth rate falls as the economy approaches its steady state (Galor, 1996; Sala-i-Martin, 1996a) . The second pair is β-convergence and σ-convergence. Absolute and conditional convergence are also called absolute and conditional β-convergence (and it is also this type of convergence we have examined in Section 2.2 and we focus on in this paper). σ-convergence means that the dispersion of real per capita GDP levels tend to decrease over time and it is a necessary condition for β-convergence (Sala-i-Martin, 1996a). The concepts and empirical studies of economic convergence mentioned above are within the framework of deterministic neoclassical growth models. Before we set out to estimate the stochastic Solow system, we first use our data to explore these traditional concepts and approaches.
6 For the robustness analyses, we looked at four alternatives. First, we smoothed the jumps out of the data: If, for population data, the growth rate is bigger than 5% or smaller than 5% and the nearby years do not show such big jumps, we replace the population data with the average of the two nearby years. As a second alternative, we apply a Hodrick-Prescott smoother on GDP and population variables. Third, we only smooth Guangdong's jump in the 1986 population number by replacing it with the average of 1985 and 1987 . Fourth, we analyze raw data but use dummies for either only 1990 and 2000, or dummies for 1990, 1991, 2000, 2001 and 2005 . For all four variations, our results are qualitatively similar to using the raw unsmoothed data.
7 The main measure of capital is constructed as follows. First, we use the 1978 capital stock estimates from Zhang (2008) . Then, for each subsequent period, we add the real investment to the previous period's capital stock, which we multiplied by 1-δ to capture depreciation (with δ = 0.05). As alternatives, we have tried the Hall and Jones (1999) perpetual inventory method to estimate the initial capital stock, and varied the depreciation rate δ. Results when using these alternatives were qualitatively similar.
[insert Figures 2 and 3]
In Figure 2 and 3, we take a look at the absolute β-convergence and σ-convergence in Chinese provinces. Figure 2 plots the log-growth rate of real GDP per capita against the initial level of log real GDP per capita. Absolute β−convergence is consistent with a decreasing line: provinces with a low starting point display higher growth. We can see from Figure 2 that the poor provinces, the ones with lower GDP per capita in 1978, indeed grew fast in the past 30 years. This provides evidence of absolute β-convergence. In addition, we examine the convergence for the different regions in China. We find substantial heterogeneity across these different regions. The convergence is most obvious in the (richer) Eastern provinces, while the convergence is less pronounced in the Western provinces, and there is almost no convergence in the Central provinces. Figure 3 shows σ-convergence: the crosssectional dispersion of real GDP per capita, scaled by the cross-sectional mean, over time.
In case of σ-convergence, there would be less variation of the GDP per capita and thus a decreasing line. For China as a whole there is clear σ-convergence from [1978] [1979] [1980] [1981] [1982] [1983] [1984] [1985] [1986] [1987] [1988] [1989] [1990] . [insert Table 2 ] Table 2 provides the convergence measures of the traditional regressions approaches introduced in Barro and Sala-i-Martin (1992) , Mankiw, Romer, and Weil (1992) and Islam (1995) for the province-level China data. In the table we distinguish absolute and conditional convergence. In the first two columns the convergence measures are estimated from the coefficients of regressing the log GDP per capita growth rate on the log of the initial GDP per capita using cross-section and panel data respectively. Columns three and five are their conditional convergence counterparts controlling for investment, population and technology growth rate.
8 Following Mankiw, Romer, and Weil (1992), we also control for human capital in column four by including a variable capturing the ratio between the number of high school students and total population. The results show a difference between the cross-section approaches of Barro and Sala-i-Martin (1992) and Mankiw, Romer, and Weil (1992) , and the panel data approach of Islam (1995) (which we implement using data at a 5-year frequency and the LSDV estimator). Column one provides a significant convergence estimate of 0.01. As the regression does not condition on other factors, this is evidence of absolute convergence: all provinces in China will converge to the same steady state. After we condition on the variables and parameters of the Solow model, we also find evidence of convergence. The estimate of 0.010 is similar (though no longer significant), and when there is also conditioned on human capital the estimate is 0.037, indicating even more rapid convergence of the provinces to their own steady state. Contrary to these consistent results, the panel data approaches provide significant estimate of absolute divergence but conditional convergence.
In addition, to get a clearer picture of the heterogeneity across the provinces we examine the convergence measures for the different subsets of provinces. The lower rows in Table 2 provide the speed of convergence for each of the four groups using the traditional growth regressions. The cross-section results show that the convergence is quicker in the East than the West. In fact, for both cases convergence is only significant in the East (consistent with Figure 2 ), which is the most developed part of China. The panel data analysis provides significant evidence of absolute divergence for the Central and Western provinces, but surprisingly significant evidence of conditional convergence for precisely these same provinces.
It is these mixed findings which we examine further benefiting from estimating a full dynamic system.
Convergence evidence in the stochastic Solow model
We now turn to the results of convergence in China using our stochastic Solow model. As a starting point, in Section 4.1 we take the traditional approach of log-linearizing around a steady state to obtain our testable implications. Then, in Section 4.2, we fully exploit the dynamic system to study convergence in China.
Regression evidence
Before we turn to the full dynamic estimation, we first study the stochastic Solow model inspired by the traditional approaches. In this case, our measure of the speed of convergence is based on equation (8). We estimate two broad variations of this equation.
[insert Table 3] First, we follow the traditional cross-section approaches of Barro and Sala-i-Martin (1992) and Mankiw, Romer, and Weil (1992) and consider for each province only data from the begin-until the end-point (in our application from 1980 to 2009). That is, we estimate ln y i,2009 − ln y i,1980 = κ 0 + κ 1 ln y i,1980 + κ 2 (ln(s i ) − ln(δ + n i )) + u i , where y i,2009 denotes the real GDP per capita of province i in 2009, s i is estimated using the average investment over GDP ratio over 1980-2009, n i is the average annual growth rate of labor force over the sample for each province and δ is fixed at 0.05.
9 The intercept, represented with κ 0 , captures the covariance terms, which structure we do not consider in this first specification. As a slight modification, we also consider a specification where we in a first stage estimate the average annual growth rate of the labor force n i and the variance η 2 i of this growth rate for each province i using a regression, and in a second stage plug this in equation (8). This gives
In both cases, only a country/group-wide convergence measure can be obtained. For example, through κ 1 = −(1 − exp(−29 × β)) the speed of convergence β is obtained.
The first two columns in Table 3 provide the output for the cross-sectional analysis of the stochastic Solow model. The speed of convergence is significant for both the sample average and estimated labor growth. The estimate of 0.01 in the case with the in-sample estimate of labor growth is similar to the cross-section conditional convergence approach of the previous section. When using the estimated population growth and the standard deviation thereof, the convergence estimate drops slightly. Both estimates are, however, insignificant.
Second, in the spirit of Islam (1995) we estimate (8) using panel data for each province. Dividing the full sample from 1980 to 2009 in steps of length L, a panel variation of the speed of convergence equation can be written as
where y i,t denotes the GDP of province i in year t, L is the lag in the specification, s i,t is estimated using the average investment over GDP ratio over the period from t − L + 1 up to t, n i,t is the average annual growth rate of labor force and δ is fixed at 0.05. Also here, as a slight modification, we first estimate the average annual growth rate of the labor force n i,t and the variance η 2 i,t of this growth rate over the relevant period from t − L + 1 up to t for each province i using a regression, and plug this in the to get
Similar to before, from the κ 1,i estimates we obtain in both cases the convergence measure β i which is now province specific. 9 Mankiw, Romer, and Weil (1992) fix g + δ at 0.05, with g the growth rate of technology. We fix δ such that our regression is comparable to their setting, as in their case the last term in the regression is ln(g + δ + n i ) compared to ln(δ + n i ) in our case. In this way this regression collapses to the Mankiw, Romer, and Weil (1992) regression (column three in Table 2 ) with the restriction on the coefficients mentioned in footnote 8. Results are however robust to setting δ at different levels. Table 3 report the speed of convergence for each of the provinces obtained using this panel approach. In the implementation, we take L = 3 as this gives some observations to estimate the labor growth rate in each interval but still ensures we have enough time series observations in the panel to estimate the convergence measure. There is great variation in the conditional convergence estimates for each province using both the sample average and estimated labor growth. Interestingly, except for Tianjin all significant estimates point to convergence, and are generally in relatively rich and developed provinces.
The last two columns in
Thus, contrary to the cross-section evidence, the panel data approach does give rise to significant conditional convergence estimates for some provinces.
10 The analysis highlights the heterogeneity of convergence in the Chinese provinces, further motivating the use of our dynamic system with a time-varying province specific convergence estimate that is not obtained by log-linearization around the steady state. 
Fully exploiting the dynamic structure
We implement the stochastic Solow model using the dynamic structure from Section 2.2.2. By exploiting the dynamic structure we obtain structural parameters without making the approximation that provinces are close to their steady-state. We estimate the model based on equations (10) and (11). In order to estimate the structural parameters using the discretetime structure of the data and accounting for the dynamic structure of the model, we integrate over s < t for our discrete-time empirical specification:
We consider annual data, such that in the above general case we have s = t − 1, and take an Euler approximation of the integral
Using our constructed
10 These results do depend to some extend on the length of the interval L. While for many values of L results are qualitatively similar, for L = 5 the only significant estimates for the provinces all point to divergence. This mixed evidence is an additional motivation for employing our novel set-up of the next section.
11 An alternative way of showing this heterogeneity is to extend the traditional panel data approach of Islam (1995) . With panel data it is possible to estimate a province specific speed of convergence from the time series of log real GDP per capita of each province. Note that a heterogeneous speed of convergence is fact quite natural. The original speed of convergence as in Mankiw, Romer, and Weil (1992) of λ = (1 − α)(n + g + δ) depends on the labor growth rate n. As in the traditional regressions is taken province specific, this already implies a province specific speed of convergence.
capital stock from investment data (see Section 3.1) we obtain the system:
with
i . This system is in fact a SUR system, which we estimate with maximum-likelihood using data on real GDP and labor force (proxied by population data).
[insert Table 4 ] Table 4 reports estimates for the parameters of stochastic depreciation σ i , population growth n i , and labor volatility η i . Consistent with our earlier analyses, we fix δ at 0.05.
Based on our estimates, stochastic depreciation is largest in Beijing, Shanxi, Inner Mongolia, Liaoning, Shanghai, Jiangsu, Guangdong and Sichuan. The population growth estimates all roughly correspond to the summary statistics reported in 1. For example, Beijing's average annual population growth rate is 2.36%, and our estimate indicates 2.43% annual growth. Population growth is most volatile in Beijing, Shanghai and Guangdong. The output elasticity of capital is estimated at 0.714.
12 The estimates in the table are almost all significant at the 1% level.
From estimating the full dynamic system we obtain two types of convergence results. First, the last column in Table 4 provides the province specific convergence measure around the steady state from equation (7). This measures denotes the speed with which a province converges back to its own steady state after it was near the steady state and got hit with some shock. The convergence estimates are roughly in the same order of size as those reported earlier using the traditional methods in Table 2 , and the cross-sectional regressions based on our stochastic Solow model in Table 3 . By exploiting the full dynamic structure of our model, we show that convergence is significant for all provinces. Nevertheless, these still is great dispersion in the speed of convergence across the different provinces: the speed of convergence ranges from 0.0078 to 0.0132. The provinces that showed significant convergence using the panel approach in Table 3 also generally rank relatively high on the list of convergence in this case.
[insert Figure 4] 12 From the regression approach to the stochastic Solow model that we pursue in Section 4.1, it is possible to get an implied value of α. The estimate of κ 2 in the regressions represents (1 − e −β * i t ) α 1−α from equation (8). Solving for α by using the implied β from the κ 1 estimate gives an output elasticity of capital of 0.67.
The second type of convergence results exploits the full dynamic nature of our system. Figure 4 provides the time-varying province specific convergence measure from equation (6), where s i as the average ratio of real investment to real GDP I it /Y it , and we use k
The speed of convergence in this case represents the speed with which a province converges to its own steady state, and thus not rely on any approximation of the province already being near the steady state. The results show that there is a generally decreasing pattern of convergence over time. For some provinces this pattern is more pronounced (such as Zhejiang), while for other provinces the pattern is flatter (such as Gansu). We compare these speed of convergences to the steady state convergence of Table 4 . In all cases these differ significantly (we have also plotted 95% confidence bounds). From this we can conclude that all of Chinese's provinces are not near their steady state yet. For some provinces the difference between the steady state speed of convergence and the time-varying speed of convergence differs more than for others. Particularly the Eastern provinces Shanghai, Jiangsu and Zhejiang converge rapidly to the steady state convergence speed. The picture is different for Gansu. This relatively poor province (GDP per capita of 1,963 yuan, compared to 13,388 yuan for the richest province Shanghai) is already relatively close to its own steady state speed of converge. The province is thus already near its steady state growth path, leaving little room for serious catching up with the richer provinces.
[insert Figure 5] The difference between the steady-state and the time-varying measures of the speed of convergence also confirms the importance of the dynamic convergence analysis. In Figure 5 , we plot the steady-state speed of convergence and the speed of convergence in 2009 against initial GDP per capita. A very different conclusion can be drawn from these two types of convergence measures: the steady-state convergence rate has a negative relation with the initial GDP per capita level, but the actual convergence rate in 2009 shows the opposite. The 2009 convergence rates are also much more heterogeneous compared to the steady-state measures. Ignoring the dynamic feature of convergence will lead to an incomplete view of convergence in China.
Finally, in the framework we can test whether the provinces converge to the same steady state or a different one. We can estimate a restricted version where we set n i = n and η i = η and perform a likelihood-ratio (LR) test against the unrestricted model. 13 The statistics is 713.8, which is significant at the 1% level. As a second alternative we further also restrict σ i = σ. Also in this case the LR test rejects the null that the coefficients are equal is reject (significant at 1% level). Both analyses point to conditional rather than absolute convergence.
Conclusion
We propose a model to study the convergence process in the tradition of neoclassical growth theory. We employ a novel stochastic set-up of the Solow (1956) model with shocks to capital and labor and obtain equilibrium dynamics for output. We obtain the speed of conditional convergence directly from the equilibrium dynamics.
We study our model using growth and population data for China's provinces from 1980 to 2009. Our results show heterogeneity in the speed of convergence both across provinces and time. Our novel approach to estimate the full dynamic structure of the stochastic Solow model provides an idiosyncratic and time-varying speed of convergence, while benefiting from all available data and without requiring an approximation of dynamics around steady states. Convergence is significant for most provinces and differs across provinces, and the speed of convergence decreases over time for most provinces as predicted by theory.
A Appendix

A.1 The speed of convergence for output
Consider the stochastic growth rate of output
Defining the speed of convergence as
shows that λ t = β t .
A.2 Log-linearization in the stochastic Solow model
The advantage of the log-linearization method is that it provides a closed-form solution for the convergence coefficient, but it applies only as an approximation around a stationary point. In this section we show how we log-linearize (4) of the stochastic Solow model,
We define the stochastic steady state value as the value of the effective capital stock where dk it = 0 and dB it = dZ it = 0, that is,
We rewrite the equation
Log-linearization of the right-hand side around k * i yields
Thus, we may write
which shows that the stochastic growth rate approximately decreases at the rate β * i . Data -1980 Data - -2009 The table reports the Gross Domestic Product (GDP) per capita and Population for each of the provinces in our data set. We consider 28 provinces, where we include Chongqing in Sichuan and Hainan in Guangzhou, and ignore Tibet due to lack of data. We show the real GDP per capita in 1990 prices, which is obtained by dividing the nominal GDP by the CPI index with baseyear 1990, and the province population. For both we show average over 1980-2009, and average percentage growth which is obtained as 100 times the difference of the log-series. In the last column we specify the region each province falls under: East (with East* the subset of Eastern provinces excluding the North-East), Central and West. Province-level Data -Real GDP per capita (in yuan, 1990 prices) For absolute convergence regressions, we regress the log-growth rate of real GDP per capita on a constant and the initial log real GDP per capita. We do this regression based on cross-section data (column CS), where we regress the log-growth rate of real GDP per capita over 1980-2009 of the provinces on 1980 log real GDP per capita, and panel data (column PD), where we look at the log-growth rate of real GDP per capita during each 5-year interval compared to the log real GDP at the beginning of each interval. For the conditional convergence regressions we also use cross-section and panel data, and additionally condition on the log of real investment over real GDP, and the log of the sum of the depreciation rate δ, labor growth n i of province i and technological growth g. Consistent with Mankiw, Romer and Weil (1992) , we set g + δ = 0.05. In addition, for conditional convergence we follow Mankiw, Romer and Weil (1992) and also condition on schooling (column CS-HC). In all cases, we only report the speed of convergence estimate, which is obtained from the estimated coefficient on the initial log real GDP per capita. The cross-section regression results are obtained using OLS, the LSDV estimator is used for the panel models. The table provides speed of convergence estimates for China using cross-section and panel regressions based on our stochastic Solow model linearized around the steady state. We show output for four different variations, two cross-section and two panel settings. For both cross-section and panel settings, we regress the log-growth rate of real GDP per capita over 1980-2009 of the provinces on 1980 log real GDP per capita and the the log savings rate minus the log of δ plus the labor growth rate n. For comparison with the traditional regressions, we set δ = 0.05. We do this regression based on cross-section data (column CS), where we regress the log-growth rate of real GDP per capita over 1980-2009 of the provinces on 1980 log real GDP per capita and the controls, and panel data (column PD), where we look at the log-growth rate of real GDP per capita during each 5-year interval compared to the log real GDP at the beginning of each interval and the controls. In specifications (A) we use the sample average of n, while in specifications (B) we estimate these first using regressions. In all cases, we only report the speed of convergence estimate, which is obtained from the estimated coefficient on the initial log real GDP per capita. For the cross-section analyses this is a country-wide speed of convergence. For the panel approach we obtain a province specific speed of convergence. The cross-section regression results are obtained using OLS, the LSDV estimator is used for the panel models. Asterisks (*/**/***) indicate significance at 10%/5%/1% level. The table reports estimates of the Stochastic Solow model. We consider 28 provinces in China, where we include Chongqing in Sichuan and Hainan in Guangzhou and ignore Tibet due to lack of data. For province i we show estimates of the capital volatility σ i , instantaneous population growth n i , and labor volatility η i . In addition, we show the estimate of the production function parameter α and fixed value of depreciation rate δ = 0.05, which we both take constant across provinces. The final column (St St Conv) reports the speed of convergence for each province around its steady state, β * i , which is implied by the parameter estimates. The parameter estimates are obtained using maximum-likelihood for the SUR system of real GDP in 1990 prices and population. Asterisks (*/**/***) indicate significance at 10%/5%/1% level.
Full Dynamic System Estimates of Stochastic Solow Model
Province i estimates Country St St Conv
The figure reports plots of our data of the provinces in our data set over 1980-2009. We consider 28 provinces, where we include Chongqing in Sichuan and Hainan in Guangzhou and ignore Tibet due to lack of data. For expositional purposes we aggregate the data for these figures in three regions: East (with as subset East* the Eastern provinces excluding the North-East), Central and West. We show the time series of real GDP per capita (in 1990 prices) and growth thereof (both in Panel A) , and population (in millions) and population growth (Panel B) . In Panel C we show the real investment (top plot), capital (middle plot) as constructed from the real investment series (both in billions), and the ratio of investment to capital (bottom plot).
Figure 2: Absolute β-convergence
The figure plots absolute/unconditional β-convergence in China. On the y-axis is the log-growth rate of real GDP per capita from 1980-2009, and on the x-axis is log real GDP per capita in 1980. In addition to the top plot for all Chinese provinces, we split the provinces in three groups: East (with as subset East* the Eastern provinces excluding the North-East), Central, and West. The figure plots σ-convergence in China. For each year, we calculate the cross-sectional standard deviation of real GDP per capita divided by the cross-sectional mean of real GDP per capita. On the y-axis we plot this series, and on the x-axis time. In addition to the top plot for all Chinese provinces, we split the provinces in three groups: East (with as subset East* the Eastern provinces excluding the North-East), Central, and West.
Figure 4: Speed of Convergence exploiting Full Dynamic System
The figure reports evidence of convergence in China exploiting the full dynamic structure of the stochastic Solow model. We consider 28 provinces, where we include Chongqing in Sichuan and Hainan in Guangzhou and ignore Tibet due to lack of data. For each province we plot the time series of the speed of convergence β it as implied by the parameter estimates. In addition, we report the speed of convergence for each province around its steady state, denoted with β * i . For both we also show 95% confidence bounds. 
